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Transcription is a stochastic process occurring
mostly in episodic bursts. Although the local chro-
matin environment is known to influence the bursting
behavior on long timescales, the impact of transcrip-
tion factors (TFs)—especially in rapidly inducible
systems—is largely unknown. Using fluorescence
in situ hybridization and computational models, we
quantified the transcriptional activity of the proto-
oncogene c-Fos with single mRNA accuracy at indi-
vidual endogenous alleles. We showed that, during
MAPK induction, the TF concentration modulates
the burst frequency of c-Fos, whereas other bursting
parameters remain mostly unchanged. By using syn-
thetic TFs with TALE DNA-binding domains, we sys-
tematically altered different aspects of these bursts.
Specifically, we linked the polymerase initiation fre-
quency to the strength of the transactivation domain
and the burst duration to the TF lifetime on the pro-
moter. Our results show how TFs and promoter bind-
ing domains collectively act to regulate different
bursting parameters, offering a vast, evolutionarily
tunable regulatory range for individual genes.
INTRODUCTION
Major leaps in our understanding of transcription have been
achieved by studying gene expression at the single-cell level
(Raj and van Oudenaarden, 2008). It is now well established
that transcription is inherently stochastic and occurs predomi-
nantly as an episodic process, characterized by pulsatile bursts
(see Supplemental Results for terminology describing bursting)
of mRNA production (Sanchez and Golding, 2013). Yet, there
is no universal law of gene expression (Larson, 2011), and
each gene has its own kinetic parameters (Suter et al., 2011a).
The kinetic properties of these bursts can be major regulatorsof the transcriptional response (Molina et al., 2013). Bursting
control has been attributed mainly to chromatin accessibility
and modifications (Sanchez and Golding, 2013), and only a few
studies establish quantitatively the link between upstream tran-
scription factors (TFs) and downstream transcriptional bursts
(Larson, 2011; Larson et al., 2013; Neuert et al., 2013).
To investigate how TFs modulate bursts, we studied the
transcriptional response of the early response gene c-Fos. Its
promoter is enrichedwith paused RNAPolymerase II on the tran-
scription start site resulting in a nucleosome-deprived, regulato-
ry-factor-accessible state (Adelman and Lis, 2012). Further,
it shows constant level of histone acetylation independently
of gene activation (Fowler et al., 2011). Together, this yields a
constitutively permissive and open promoter structure (Healy
et al., 2013). Therefore, c-Fos is ideally suited to investigate
the molecular origin of bursting independently from chromatin
accessibility. Like other early response genes, c-Fos reacts to
several different stimuli. Two of the major activation pathways
acting on the serum response element (SRE) of its promoter
are serum induction (Galbraith and Espinosa, 2011) and heavy
metal exposure (Murata et al., 1999). Both stimuli activate the
MAPK pathway and lead to rapid nuclear accumulation of phos-
phorylated kinases, i.e., the TF (predominantly ERK for serum
and p38 for zinc induction) (Yang et al., 2013). Both TFs induce
c-Fos transcription by phosphorylating Elk1 bound to the SRE
(Galbraith and Espinosa, 2011). Despite this similarity, vastly
different kinetic signatures of c-Fos transcription have been re-
ported for the timing and amount of produced mRNA (Costa
et al., 2006; Murata et al., 1999). By studying these activation
pathways, we not only investigate the impact of different TFs
on c-Fos transcription, but also address potential conserved,
fundamental activation mechanisms.
We used single molecule fluorescence in situ hybridization
(smFISH) (Femino et al., 1998; Haimovich et al., 2013; Mouaikel
et al., 2013; Raj et al., 2008; Zenklusen et al., 2008) to count
the nascent and mature c-Fos mRNA with single-transcript
sensitivity (Mueller et al., 2013) and modeling to further deepen
our understanding of c-Fos transcription dynamics (Munsky
et al., 2012; Raj et al., 2006; Zenklusen et al., 2008). We showCell Reports 8, 75–83, July 10, 2014 ª2014 The Authors 75
that c-Fos transcription occurs in bursts in which frequency
is modulated by the nuclear TF concentration. Stimulation with
synthetic TFs further suggests that other bursting parameters
such as burst duration and polymerase initiation frequency can
also be altered. Taken together, our study illustrates that TFs
can be a major determinant for modulating transcriptional bursts
in human cells.
RESULTS
Adapted Transcriptional Response of c-Fos
after Different MAPK Activation Stimuli
We used the smFISH approach pioneered by the Singer lab
(Femino et al., 1998) to quantify c-Fos mature and nascent
mRNA number in individual cells (Mueller et al., 2013) (Figures
1A and S1A; Movie S1). We validated our experimental system
by comparison with an alternative smFISH approach (Raj et al.,
2008) and quantitative reverse transcription polymerase chain
reaction (qRT-PCR) measurements (see Supplemental Results
and Figures S1A–S1I).
We measured c-Fos transcription following different MAPK
activation pathways. First, we activated c-Fos in serum-starved
human osteosarchoma (U2OS) cells by addition of fetal bovine
serum (FBS). In agreement with published results (Shah and
Tyagi, 2013), mature mRNA levels increased rapidly to reach a
maximum after 30 min and returned to basal expression after
2 hr (Figure 1B). Quantification with qRT-PCR showed similar
induction kinetics, further validating our smFISH approach (Fig-
ure 1B). The single transcript sensitivity of smFISH allowed us to
investigate the cell-to-cell variability (Figure 1C). Noninduced
cells expressed on average only four mRNAs, and no cell con-
tained more than 30 mRNAs. After 30 min of serum induction,
cells contained an average of 90 mRNAs with large variability
(some cells had only a few mRNAs, whereas others contained
a few hundred). Our results in Normal Human Dermal Fibroblast
(NHDF) cells illustrate similar variability in primary cells (Figures
S1J and S1K).
Second, we activated c-Fos by exposing cells for 4 hr to
different concentrations of the heavy metal zinc (ZnSO4). In
agreement with a previous study (Murata et al., 1999), we
observed higher average c-Fos mRNA levels with increasing
zinc concentration (Figure 1B). smFISH revealed the presence
of two distinct populations: uninduced cells with fewer than
20 mRNAs and strongly induced cells with up to 600 mRNAs
(Figure 1C). The transcriptional response appears to be switch-
like, in which a few strongly induced cells appear at zinc levels
as low as 50 mM, and higher zinc levels increase the number of
activated cells. Importantly, these rarely activated cells at low
zinc levels cannot be detected from averaged mRNA levels
(Figure 1B) (see Supplemental Discussion for potential implica-
tions of these rare events).
c-Fos Burst Frequency Correlates with Nuclear
TF Concentration
Recent studies showed that key regulatory steps for different
genes are themodulation of burst frequency and burst amplitude
(Dar et al., 2012; Singh et al., 2010; Suter et al., 2011b). Because
we cannot directly measure burst frequency using smFISH, we76 Cell Reports 8, 75–83, July 10, 2014 ª2014 The Authorsused the measured number of active TS in the cell population
as readout for burst frequency. We detected up to four active
c-Fos TSs per cell (Figure 1D), which is caused by the polyploidy
of U2OS due to high levels of chromosome fragmentation
(Ponte´n and Saksela, 1967). Serum starved cells had no detect-
able active TSs (Figure 1D). The number of active sites and
average number of mature mRNAs per cell both increased sub-
stantially after addition of serum or zinc (Figures 1B and 1D). This
suggests that cells adjust mature mRNA levels by activating
more TSs (frequency modulation). We also observed large vari-
ability in the number of active TSs (Figures 1D and S1L), which
likely accounts for the observed variability in mature mRNA
levels (Figures 1C and S1J).
We next explored the molecular mechanism behind burst fre-
quency regulation. Addition of serum or zinc led to the nuclear
translocation of the phosphorylated kinases ERK1/2 (p-ERK) or
p38 (p-p38), respectively. Wemeasured their nuclear concentra-
tion by immunofluorescence (IF) and their correlation with c-Fos
transcription. First, we quantified p-ERK levels after serum in-
duction (Figure 1E). In agreement with previous reports (Costa
et al., 2006; Galbraith and Espinosa, 2011), p-ERK rapidly accu-
mulated in the nucleus and reached a maximum after 10 min
(Figure 1F) and then decreased to a near-basal level after 1 hr.
Strikingly, the average number of active TSs per cell showed
similar kinetics, lagging approximately 10min behind (Figure 1F).
This correlation is consistent with the molecular observation that
p-ERK activates c-Fos transcription by interacting on its SRE
with ETS-domain family proteins, such as Elk-1 (Galbraith and
Espinosa, 2011). To further test this link, we treated cells with
tetradecanoylphorbol acetate (TPA), which strongly activates
c-Fos via the ERK pathway (Lee et al., 2002). We found that
TPA treatment yielded prolonged periods of p-ERK presence
in the nucleus as well as continued activation of c-Fos (see Sup-
plemental Results and Figure S1M). Although p-ERK may not be
the only regulator of c-Fos, these results validated it as a reliable
indicator of c-Fos activation during serum response
After zinc exposure (Figure 1E), only a fraction of the cells dis-
played elevated p-p38 levels, and the size of that fraction
increased with zinc concentration (Figure 1G), as did the number
of active TSs per cell. To directly link p-p38 levels with c-Fos
bursting, we performed simultaneous IF and smFISH measure-
ments for 100 and 150 mM zinc induction (data not shown; Fig-
ure 2A). We found that p-p38 levels were positively correlated
with both active TS numbers (Figure 2B) and mature mRNA
levels (Figures 2C and 2D, Pearson’s correlation coefficient of
0.51). These results support a model where higher TF levels
lead to higher burst frequencies, resulting in more active TSs
and higher mature mRNA levels.
Measured Burst Amplitude Is Largely Independent of
Activation Condition
Several studies have shown that cells not only modulate the
burst frequency but also the burst amplitude (Dar et al., 2012;
Skupsky et al., 2010; Suter et al., 2011b). This amplitude de-
pends on the burst duration and the polymerase initiation rate.
However, the time an mRNA spends at the TS (retention time,
which depends upon the elongation and processing rates and
the gene length) determines what we can measure with smFISH.
Figure 1. Quantification of c-Fos Transcriptional Response after Different Stimuli
(A) smFISH in U2OS 30 min after serum induction. Signal in proximity of the transcription sites (TSs) appears only saturated due to scaling to show individual
mature mRNA. Scale bars, 10 mm in all figures. Surface plot (not to scale) for area indicated with red dashed line. Detected mature mRNAs shown as green spots
over DAPI image.
(B) Average mature mRNA levels at different time points after serum induction (left) and zinc concentration (right) by smFISH (red line) and qRT-PCR (blue line).
Error bars are 95% CI obtained by bootstrap for smFISH and SD for qRT-PCR (three independent experiments).
(C) Selected histograms of smFISH measurement from (B). Cells containing less than 20 mRNAs are show in orange and other cells in green.
(D) Number of active TS after serum (left) or zinc induction (right). Cells containing no active TS are not shown. Inset shows average number of active TS per cell.
(E) Immunofluorescence (IF) against p-ERK or p-p38 (red) for indicated induction condition and nuclei visualized with DAPI (blue). Note that only one cell has
elevated p-p38 levels in the 50 mM picture.
(F) Average p-ERK levels (red) and average number of active TS per cell (blue line) after serum induction.
(G) Proportion of cells with elevated p-p38 signal (red line) and average number of active TS per cell (blue line).
See also Figure S1 and Movie S1.
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Figure 2. MAPK Phosphorylation Level Controls the Burst Frequency
(A) smFISH against c-Fos (green) combined with IF against p-p38 (red) in U2OS cells 4 hr after induction with 150 mM of zinc. Nuclei are stained with DAPI (blue).
(B) Average number of active TS per cell increases with the average p-p38 level. Cells were pooled in five bins based on their p-p38 levels containing the same
number of cells as indicated with black bars in (C) and (E).
(C) Mature mRNA number as a function of p-p38 levels (Pearson’s correlation coefficient of 0.51).
(D) Histogram of mature mRNA data shown with same bins as used in (B).
(E and F) Nascent mRNA number per active TS plotted as function of p-p38 levels (Pearson’s correlation coefficient of 0.02). (F) Same binning as in (B).
All error bars are SEM. See also Figure S2.If this time is significantly longer than the burst duration, we can
directly observe the burst amplitude. In contrast, if the retention
period is shorter than the burst duration, we will only observe the
fraction of mRNAs that is currently attached to the TS. We refer
to this case as ‘‘burst saturation.’’We use ‘‘measured amplitude’’
to refer to the amount of nascent mRNAs quantified at the TS,
which can be different from the true burst amplitude. Noting
that smFISH estimates an equivalent number of fully elongated78 Cell Reports 8, 75–83, July 10, 2014 ª2014 The Authorstranscripts, which can be different than the actual polymerase
number (Little et al., 2013; Mueller et al., 2013), we analyzed
the nascent mRNA data with and without numerical corrections
for partial transcripts (for further details, see Supplemental
Results and Figure S2).
To test if the measured amplitude depends on the TF concen-
tration, we determined how many nascent mRNAs were present
at each active TS. In stark contrast to the above results, this
number was independent of the p-p38 levels (Figures 2E and 2F;
Pearson’s correlation coefficient of 0.02) suggesting that the
measured amplitude at each active TS is independent of the
nuclear TF concentration. To further investigate the apparent
lack of amplitude regulation, we determined nascent mRNA
levels for all activation conditions (serum activation and zinc
exposure) and obtained comparable values for all cases (Figures
S3A and S3B). A resampling analysis revealed that for most
conditions the data share the same underlying mean value close
to 5 nascent mRNAs (Figure S3C). The only exceptions occurred
at 20 min after serum induction and for 150 mM of zinc, where in-
duction was at the highest levels. NHDF cells showed compara-
ble results (Figure S3D) indicating a similar activation mode.
The preceding analysis indicates that the measured amplitude
of the c-Fos bursts is largely constant. However, this value could
differ from the actual burst amplitude in the case of burst satura-
tion. Kinetic gene expression models predict specific signatures
for the nascent mRNA distribution that could distinguish these
cases (Golding et al., 2005): below burst saturation, nascent
mRNA levels follow a geometrical distribution; but at saturation,
the distribution becomes Poissonian (Figures 3A and 3B). To test
whether we can discriminate between these two scenarios, we
pooled the nascent mRNA data without the identified outliers.
The resulting distribution is far more consistent with a Poisson
distribution than with a geometric distribution (Figure 3C) indi-
cating burst saturation, where individual bursts can produce
larger numbers of mRNAs (Figure 3B). This bursting behavior is
also consistent with the observed rapid production of high
maturemRNA levels. Even at peak induction, we saw on average
only one active c-Fos allele in U2OS cells. For bursts below
saturation, we would expect more activation events in order to
produce this large amount of mature mRNAs.
Kinetic Model of c-Fos Transcription Reveals that
Transcription Occurs in Bursts that Are Longer Than the
Retention Time
The interpretation of the smFISH-IF data (Figure 2B) and the cor-
relation of MAPK levels with the number of active TSs (Figure 1F)
suggest a regulation mechanism for c-Fos where the nuclear TF
concentration controls the burst frequency. To validate our qual-
itative understanding and determine the c-Fos transcription dy-
namics, we developed a discrete stochastic model to fit to the
mature and nascent mRNA distributions in response to the
time varying MAPK signal (Neuert et al., 2013). We focused our
analysis on the serum activation data for which we have
observed the entire time course. We implemented a two-state
random telegraph model (Figure 3D) with a transcriptional active
ON and a silent OFF state. Because we observed a correlation
between p-ERK level and c-Fos burst frequency, the measured
p-ERK concentration affects only the model’s OFF-ON transi-
tion; all other model parameters are constant. For further details
on the modeling, see Supplemental Experimental Procedures
and Figure S3E. The following results are supported by different
fitting metrics (see Supplemental Results and Figures S3F–3K).
The two-statemodel fit converged to a satisfactory set of param-
eters describing the number of active TSs, nascent mRNAs per
active TS and mature mRNAs (Table S1 and Figures 3E–3G).
The simple model shows that TF modulation of the burst fre-quency can largely explain the experimental data. The extracted
parameters reveal interesting features of the c-Fos transcription
kinetics (Table S1): bursts are in the saturation limit and last 3–
4 min; even at peak levels of the kinase, an individual allele is
only activated every 9–11 min. During a burst, several mRNAs
are initiated per minute resulting in the total synthesis of several
tens of mRNAs. The estimated time to produce one mRNA,
which includes elongation and mRNA processing, is approxi-
mately 1 min (see Supplemental Results for more details on the
partition between these two processes).
c-Fos Transcription at Peak Induction Is Described by a
Second ON State with a Higher Initiation Rate
At 20 min after serum induction, where we measured the highest
p-ERK levels, many cells have large numbers of nascent mRNAs
represented by an elongated tail in the nascent mRNA distribu-
tion (Figure 3E) that is not captured by the two-state model. To
better understand this transient behavior, we compared the
number of nascent mRNAs to the number of active TS for each
cell. These two measurements were uncorrelated at all time
points except at 20 min, when cells with more active TS also
had more nascent mRNAs (Figure S3I). This suggests that cells
with higher levels of activating TF enter another transcription
mode beyond that in the two-state model. To confirm the exis-
tence of this mode, we treated cells with TPA and observed a
similarly strong correlation between nascent mRNAs per active
TS and number of active TS per cell (Figure S3I).
From our two-state model fit, we concluded that bursts are in
the saturation limit where initiation and termination of polymer-
ases are at steady state. Thus, the experimentally observed
increase of this steady-state level at 20 min could be achieved
by a temporary increase in the initiation rate (Figure 3H). To
test this hypothesis, we added a second ON state with an inde-
pendent initiation rate to our model that can be reached at high
p-ERK levels from the first ON state. Upon fitting this expanded
model to the data, we could capture both the shape and the tails
of the nascent mRNA distribution (Figure 3I). Furthermore, the
number of active TS and the mature mRNA levels were still
well described (Figures 3F and S3J). The estimated parameters
of the three-state model for the first ON state are very similar to
those for the two-state model fit (Table S2). However, we found
greater parameter uncertainty for the second ON state, and
multiple sets of parameters yielded similar distributions and
described the data equally well (Figure S3K; Table S2).
Taken together, our model results are consistent with our pre-
vious observations and suggest a simple mechanism for c-Fos
transcriptional regulation. Cells can use the TF concentration
to tune the burst frequency. At peak induction, further increase
of mRNA levels occurs by increasing the polymerase initiation
frequency.
Synthetic Transcription Factors as a Tool to Dissect
c-Fos Bursting Parameters
We next investigated if we could alter the identified burst charac-
teristics more profoundly by changing the properties of the TF.
We developed synthetic TFs to induce c-Fos transcription inde-
pendently of any cellular activation pathway. We engineered four
proteins that target different parts of the c-Fos promoter with theCell Reports 8, 75–83, July 10, 2014 ª2014 The Authors 79
Figure 3. Mathematical Modeling of Transcriptional Response of c-Fos after Serum Induction
(A) Cartoons illustrating concept of burst saturation limit. For short bursts below the saturation limit (upper plot), mRNA attached to all the loaded polymerases can
be observed. For burst in the saturation limit (lower plot), only the mRNA produced by the currently loaded polymerases can be detected.
(B) Impact of burst duration on nascent mRNA distribution. Curves share same initiation rate (five mRNA/minute) and burst frequency (0.1 burst/minute) but differ
in burst duration as indicated in figure legend. Values in parenthesis indicate average number of mRNAs produced per burst, i.e., the burst amplitude.
(C) Histogram of pooled nascent mRNA numbers from all induction condition (serum and zinc) except identified outliers in Figure S3C. Fit with Poisson distribution
(pink solid line; log-likelihood of fit = 536) and truncated geometric distribution (dashed blue line; log-likelihood of fit = 705).
(D) Two-state model of transcription. Gene can switch between inactive (OFF) and active (ON) state. Transitions are described by rate constants kon and koff.
Transcripts are produced duringON states as a Poisson process with fixed rate, kinit (vertical green bars in lower plot). EachmRNA undergoes a production period
modeled as an irreversible process with fixed completion time, tprod and mature mRNA degrades as a first-order reaction with the constant gD.
(E–G) Fit with two-state model (Parameters from fit L2-8 in Table S1). (E) Fit of nascent mRNA data (green histogram) with two-state model (red line). Insets show
cumulative histograms. (F) Probability for one TS to be active (black squares) together with prediction of two-state (red) and three-state model (blue). (G) Fit of
mature mRNA data (green histogram) with two-state model (red line).
(H) Three-state model of transcription. A second ON state with a higher initiation frequency can be reached from the first ON state.
(I) Fits of nascent mRNA data (green histogram) with three-state model (red lines). Each line represents an individual fit with parameters defined in Table S2. Insets
show cumulative histograms.
See also Figure S3.transcription activator-like effector (TALE) approach (Perez-
Pinera et al., 2013) (Figure 4A). We fused these constructs with
activator domains of different strengths (VP16 or VP64) to
generate synthetic TFs.
First, we investigated the mature mRNA levels by exposing
cells to these synthetic TFs. As a control, we transfected cells
with a TALEwithout an activator domain and found no activation.80 Cell Reports 8, 75–83, July 10, 2014 ª2014 The AuthorsWhen transfecting with one TALE-VP16, we observed an in-
crease in the averagematuremRNAnumber from4 to 28 (Figures
S4A and S4B). The mature mRNA levels increased even further
after transfectingwithoneTALEwith the stronger VP64activation
domain (52 mature mRNAs), or all four different TALE-VP16 (70
mature mRNAs) (Figure S4B). We also analyzed the nascent
mRNA distribution at active TSs. For one TALE-VP16, we
Figure 4. Activation of c-Fos with Synthetic
Transcription Factors
(A) c-Fos promoter with different synthetic TFs
(TALE) binding sites indicated by letters A–D. SRE,
serum response element. Different activator
domain (AD, in red) were fused to the TALE: VP16
or VP64.
(B) Histogram of nascent c-Fos mRNA levels after
transfection with one TALE-VP16, one TALE-
VP64, or four TALE-VP16. Red lines are model
curves (Table S3). Curves for VP64 and 4xVP16
are obtained by changing only one parameter
indicated in red in cartoon compared to VP16.
See also Figure S4.detected on average three nascent mRNAs per active TS. The
obtained distribution resembled a geometric distribution indica-
tive of a short burst duration compared to the retention time (Fig-
ures 4B and 3B). The TALE-VP64 construct yielded increased
nascent mRNA levels (average of four) but still resembled a geo-
metric distribution. This change is in agreement with a model
where the stronger activator domain leads to higher initiation
rate but does not affect the burst duration (Figures 4B and 3B).
When transfecting all four different TALE-VP16, the nascent
mRNA number per active TS increased further (average of five).
Furthermore, the shape of the distribution also changed to
resemble a Poisson distribution (Figure 4B). This is in agreement
with an increase of the burst duration beyond burst saturation
(Figure 3B). Finally, we tested if the observed changes could be
reproduced with the two-state model. By changing only one
parameter in themodel,wecould generate theobserveddistribu-
tions and the respective transitions: changing the initiation rate
reproduced the difference from one TALE-VP16 to one TALE-
VP64, while changing the burst duration yielded the change
observed when activating with one TALE-VP16 compared to
four TALE-VP16 (Figure 4B and Table S3).
Taken together, these data suggest two additional potential
key determinants for transcriptional bursts. The initiation rate
could be controlled by the strength of the activator domain,
whereas the burst duration could be controlled by the lifetime
of the TF on the promoter (Figure 5).
DISCUSSION
Frequency Modulation as a Simple but Versatile
Mechanism for c-Fos Transcription
Wedeterminedhowc-FosmRNA levels are regulatedafter serum
or zinc induction by smFISH. We found that transcription
following MAPK induction occurs in discontinuous bursts where
predominately the burst frequency, but not the measured ampli-
tude, ismodulated by the TF concentration. To gain amore quan-
titative understanding of the bursting mechanism, we analyzed
the serum induction data with a stochastic gene expression
model. This model revealed that c-Fos mRNA production occurs
in relatively isolated bursts of several minutes, which is in agree-Cell Reports 8, 7ment with a study also suggesting large
bursts for c-Fos (Shah and Tyagi, 2013)
and another study estimating comparablebursting timescales (Suter et al., 2011b). The model further
showed that the measured burst amplitude by smFISH is sub-
stantially smaller than the total number of mRNAs produced dur-
ing oneburst. Last, we could determine that during bursts several
transcripts are initiated per minute and are produced in approxi-
mately 1 min. The latter suggests that elongation and maturation
are both fast processes for c-Fos.
Taken together, this suggests a rather simple but effective and
versatile system to activate c-Fos under different conditions.
Cells control principally the burst frequency—and hence the total
mRNA levels—by adjusting the nuclear concentration of TFs.
High TF concentrations mean an increased likelihood for activa-
tion and highmRNA levels; low TF concentrations give the oppo-
site response. Although this rather simple mechanism explained
most of the tested c-Fos activation conditions, additional burst
amplitude regulation also occurs at peak induction.
Role of TFs in Modulating c-Fos Bursts
We found that at peak induction—20min after serum induction—
the addition of a secondON state with an increased initiation rate
could explain the data better than the simple two-state model.
Similar needs for multistate activation processes have been
reported in the literature (Dar et al., 2012; Neuert et al., 2013).
Initiation frequency modulation could be attributed to several
molecular events ranging from preinitiation complex (PIC) forma-
tion and stability to promoter escape, and it will be important
to investigate this regulation in future studies.
We found that c-Fos burst characteristics can be altered
more profoundly by targeting its promoter with synthetic TFs.
Using activation domains of different strengths led to different
polymerase initiation frequencies. Targeting the promoter with
multiple TFs led to longer bursts suggesting a relationship be-
tween the TF-promoter binding time and the burst duration. This
is compatible with previous observations of synergetic effect of
multiple TFs acting on the same promoter (Carey et al., 1990;
Perez-Pinera et al., 2013). We therefore propose a possible link
between PIC stability and simultaneous binding of multiple TFs.
Taken together, our study establishes that TFs play a major
role in affecting c-Fos bursting (Figure 5). TF concentrations
can be changed rapidly to change the burst frequency. The5–83, July 10, 2014 ª2014 The Authors 81
Figure 5. Role for TFs in Shaping c-Fos Transcriptional Bursts
Model that illustrates how TFs can act on multiple key aspects of transcrip-
tional burst. Increase of TF concentration yields increase of burst frequency
(kon, green); duration of TF binding event with DNA binding domain (DBD)
affects burst duration (koff, blue); strength of the activator domain (AD) in-
fluences initiation rate (kinit, red).duration of TF binding events can affect the burst duration and
hence how many transcripts are produced during each burst.
Changing the promoter sequence and/or the interaction partners
for the promoter could alter this duration, therefore allowing
different transcription responses at different promoters. Last,
the TF activation domain could play an important role to estab-
lish the initiation frequency during active periods. These evolu-
tionarily tunable dynamics provide cells with an extensive toolkit
to fine-tune transcriptional responses.
Transcription as a Gene-Specific Multilayered
Response
Over the last decade, many of the steps involved in transcription
have been shown to affect bursting kinetics, such as the local
chromatin environment and chromatin modifications (Dar et al.,
2012; Mouaikel et al., 2013; Suter et al., 2011b; Vin˜uelas
et al., 2013), local promoter architecture (Raj et al., 2006; Suter
et al., 2011b), nucleosome turnover (Brown et al., 2013), gene
looping (Hebenstreit, 2013), and TFs (Larson et al., 2013; Neuert
et al., 2013; Raj et al., 2006). Over the recent years, studies in pro-
karyotic and eukaryotic systems have described a wide range of
transcriptional kinetics (Suter et al., 2011a) and have illustrated
that there is no universal law of gene expression (Larson, 2011).
Accordingly, a variety of regulatory mechanisms have been
described for different genes and model organisms where mod-
ulation of burst duration (So et al., 2011), burst amplitude (Raj
et al., 2006), burst frequency (Brown et al., 2013; Larson et al.,
2013), or combinations of these (Dar et al., 2012; Neuert et al.,
2013;Suter et al., 2011b) havebeen reported.Our study identifies
burst frequency modulation as the major control point for c-Fos
expression and proposes that changing the properties of the TF
could further alter burst amplitude and duration—showing that
several key aspects of bursts can be affected at the level of initi-
ation. This expands theemergingpicture that gene regulation can
be seen as a superposition of regulation at different levels that
can be tuned to obtain the desired response.
Future studies will further decipher the complex interplay of
TFs and their endogenous promoters by combining measure-
ments of transcription in living cells (Annibale and Gratton,
2014) and novel genome editing approaches (Gaj et al., 2013).82 Cell Reports 8, 75–83, July 10, 2014 ª2014 The AuthorsEXPERIMENTAL PROCEDURES
More details on the experimental procedures can be found in Supplemental
Experimental Procedures.
Cell Culture
NHDF are isolated from the dermis of adult skin (Promocell, C-12302) and
maintained at 37C in DMEM-F12 supplemented with 10% FBS. U2OS cells
were cultured at 37C in DMEM, supplemented with 10% FBS.
smFISH and IF
smFISH was performed according to supplier (Biosearch Technology) and
published protocols (Femino et al., 1998).
Gene Expression Analysis by qRT-PCR
Gene expression of c-Fos and glyceraldehyde-3-phosphate dehydrogenase
(GAPDH) was quantified using the PrimeTime qPCR assay (Integrated DNA
Technologies).
Synthetic Transcription Factors
Assembly of a customTAL effector construct was performed as described pre-
viously (Cermak et al., 2011) into custom backbone plasmid. Plasmids were
deposited on the Addgene platform (www.addgene.org/Xavier_Darzacq). For
sequences and target sites, see Table S4.
smFISH Quantification
Number of mature mRNAs and equivalent full-length transcripts were esti-
mated with FISH-quant (Mueller et al., 2013).
IF Quantification
p-ERK and p-p38 levels were automatically measured in nuclei with home-
made programs inMATLAB (MathWorks) and ImageJ (http://rsb.info.nih.gov/ij/).
Mathematical Modeling
Model analyses for mRNA distributions utilized modified finite state projec-
tions analyses (Munsky and Khammash, 2006) and the stochastic simulation
algorithm (Gillespie, 1977). Parameter estimations were conducted using a
combination of local and global optimization routines.
SUPPLEMENTAL INFORMATION
Supplemental Information includes Supplemental Results, Supplemental Dis-
cussion, Supplemental Experimental Procedures, four figures, four tables,
and one movie and can be found with this article online at http://dx.doi.org/
10.1016/j.celrep.2014.05.053.
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